[1] Sea surface height (SSH) measurements from the Geosat satellite altimetry mission are analyzed to statistically characterize their noise process, which is defined here as the small-scale (<50 km), timevarying component of the altimetry data. This analysis is one component of a larger effort to extract meaningful information about seafloor roughness from the small-scale fabric of the altimetric gravity field. Both small-scale seafloor topography (e.g., abyssal hills) and SSH noise significantly influence the measured gravity fabric. Hence, a global, quantitative understanding of SSH noise is required to infer what portion of the gravity fabric is associated with the true geoid. It is also anticipated that the SSH noise analysis will prove useful in designing improvements to altimetry processing algorithms. The SSH data are first processed by differencing nearest-neighbor tracks, to minimize the static component of variability, and then by high-pass filtering, to remove variability associated with mesoscale oceanic circulation. Autocovariance analysis reveals that SSH noise can be decomposed into uncorrelated (white noise) and correlated, semiperiodic components. Three parameters are measured which characterize the variance of both components and the correlation length of the correlated component. The global distribution of uncorrelated noise variance is closely correlated to significant wave heights, directly linking the uncertainty of the altimeter return time to the roughness of the sea surface. The variance and correlation length of the correlated component of noise can be associated with three separate environmental parameters: sea ice, precipitation rates, and upper atmospheric variability associated with the subtropical jet stream. As widely differing as these environmental processes are, it is hypothesized that features like sea ice, rain storms, and atmospheric turbulence can cause sudden perturbations in the return time of the altimetry signal, creating decaying oscillations associated with the onboard tracking algorithms.
Introduction
[2] Sea surface height (SSH) measurements from satellite altimeters, such as Geosat [Sandwell and McAdoo, 1988; McAdoo and Marks, 1992a] or ERS1 [McAdoo and Marks, 1992b] , are commonly utilized for two distinct purposes: (1) determining the Earth's geoid/gravity at sea level , which is derived from the static component of the field, and (2) determining perturbations associated with mesoscale oceanographic circulation [Kuragano and Kamachi, 2000; Jacobs et al., 2001] , which is derived from the time-varying component of the field. SSH measurements are also subject to uncertainties associated with a number of environmental conditions, such as wave heights [Yale et al., 1995] , sea ice [Peacock and Laxon, 2004] rain [Tournadre and Morland, 1997; Tournadre, 1998 ], or slicks [Tournadre et al., 2006] . Such uncertainties lead to random fluctuations in the SSH data on short spatial scales, which are collectively referred to here as the noise process of the data.
[3] The initial motivation for studying the SSH noise process stems primarily from ongoing efforts [Goff and Smith, 2003; Goff et al., 2004] to infer the roughness properties of the seafloor from the statistical fabric of the altimetric gravity field. Small-scale seafloor roughness is a critical factor in mesoscale ocean mixing [Polzin et al., 1997; St. Laurent and Thurnherr, 2007] , tidal dissipation [Egbert and Ray, 2003 ] the formation of internal waves in the deep ocean [St. Laurent, 1999] . However, global ocean bathymetric data sets, including the predicted bathymetry from satellite altimetry data, are largely deficient at the smaller scales ($1 km) needed to model these oceanographic processes . Short of collecting multibeam data over the entire ocean basin, we seek ways to infer, rather than directly measure, such small-scale roughness globally. Recent work by Becker and Sandwell [2008] , which utilized available single-track acoustic soundings, provided a first step in this effort. The gravity data has the potential to expand on their results by filling in gaps in coverage and by providing two-dimensional information. Earlier studies [Goff and Smith, 2003; Goff et al., 2004] demonstrated that a quantitative relationship can be established between abyssal hill and altimetric gravity fields. The latter is, in essence, a filtered product of the former via the upward continuation of the gravity field at the seafloor to the sea surface [Goff et al., 2004] . These studies also demonstrated that, if the abyssal hills are large enough and/or the gravity noise small enough, then the gravitational effects of abyssal hill roughness are measurable in the altimetric gravity fabric. The gravity noise process is, however, the critical unknown in this equation. To estimate the noise process in altimetric gravity measurements, we must understand that process at its source: in the SSH data, which are processed to derive the gravity field .
[4] This paper presents an effort to statistically characterize the noise in SSH measurements from the Geosat geodetic mission, and to relate the global distribution of noise characteristics to relevant environmental factors. This analysis is conducted empirically on the SSH data, after differencing adjacent tracks to minimize the static component of the field, and high-pass filtering to minimize the temporal component of the field associated with mesoscale oceanographic variability. Statistical properties are investigated with covariance analysis, and three parameters are utilized to characterize the uncorrelated and correlated components. The relationship between the global distribution of SSH noise characteristics and environmental factors such as significant wave heights (SWH), precipitation rates, sea ice distribution, and the subtropical jet stream, is investigated. This information could prove instrumental in filter design and continued improvements in the existing gravity map, and for planning future altimeter missions.
[5] These methods have also been employed to analyze the ERS-1 geodetic mission data, with similar results. However, during the retracking stage of the preprocessing (see below), the ERS-1 data are prefiltered to reduce variability and stabilize the result (D. Sandwell, personal communication, 2008) . This filtering modifies the statistical character of the SSH noise and complicates the interpretation with respect to environmental factors. A valid comparison between ERS-1 and Geosat results would require removal of this step, which is undesirable because of the improvements to the quality of altimetry data provided by retracking Smith, 2005, 2009] . To maintain a scientific, rather than technical focus this paper, attention is restricted here to the Geosat data.
Data and Methods
[6] The Geosat altimeter data considered here were collected during the geodetic mapping phase of the mission from 31 March 1985 to 30 September 1986 [Cheney et al., 1991; Sandwell and Smith, 1997] . These data were originally classified by the U.S. Navy, and then declassified in two stages: high-latitude (>60°) data in 1990 [McAdoo and Marks, 1992a] , and the remainder in 1995 after ERS-1 data became available . The Geosat also included an exact repeat mission phase following the geodetic mission, which were unclassified because they were of lesser density.
Preprocessing
[7] The Geosat altimeter data are obtained from geophysical data records available from the National Oceanographic Data Center [Cheney et al., 1991] . These data, sampled at 10 Hz, were preprocessed using some, but not all of the steps described by Sandwell and Smith [1997] , including: applying corrections (orbit removal, tide, troposphere, ionosphere), dividing into passes, and editing of outliers. Low-pass filtering, resampling and differentiating, which are critical for determining the gravity field from the altimeter data , were not applied, as these steps interfere with the characterization of SSH noise. A sea state bias correction of 0.04(significant wave height) À1/3 is applied [Born et al., 1982] . The altimeter data were also retracked to remove additional bias associated with variations in significant wave heights Smith, 2005, 2009] . Retracking provides substantial improvements in the accuracy of altimetry data, particularly in the reduction of overall noise levels [Sandwell and Smith, 2009 ].
Differencing and Filtering
[8] The SSH data undergo two processing steps aimed at extracting the small-scale, time-varying part of the measurements: nearest-neighbor differencing and high-pass filtering. Nearestneighbor differencing is intended to minimize the time-invariant part. Nearest-neighbor tracks are separated by an average of 2.9 km at the equator for the Geosat geodetic mission, with a maximum of 10 km (Figure 1 ). Separation distances decrease away from the equator, so the equator values represent maximum separations. Because the SSH response to geoid forcing is heavily muted at scales less than 10 km, the time-invariant SSH signal from a nearest neighbor tracks is expected to be very similar. Thus, by differencing the two tracks, most of the time-invariant component of the data will be removed. Some part of the time-invariant signal will remain, since variability in the geoid signal does occur at scales smaller than 10 km. However, foreshadowing the results, it will demonstrated that the small-scale variability in these differenced tracks correlates predominantly with environmental factors other than the geoid associated with seafloor topography. It can therefore be asserted with confidence that the nearest-neighbor differenced SSH tracks are not sufficiently ''contaminated'' by the geoid field to significantly influence the characterization of noise.
[9] The nearest neighbor differencing algorithm proceeds as follows:
[10] 1. Ascending and descending tracks are separately ordered according to the longitude of their equator crossing.
[11] 2. For each ascending (or descending) track, T, its nearest neighbor, T n , is determined as the ascending (or descending) track with the nearest equator crossing longitude.
[12] 3. For each SSH datum on each track, T(i), the difference is formed between it and the closest value on the nearest neighbor track, T n ( j),
Normalization by the square root of 2 removes the additive effect of differencing on the variance. A maximum distance of 10 km is allowed between differenced points; otherwise the difference value is tagged as ''no data.'' [13] An example application of the SSH differencing algorithm is presented in Figure 2a . The raw difference contains both long-and short-wavelength components. The long-wavelength signal exhibits variations of up to a meter over scales of $100-500 km. These features are consistent with SSH forcing by mesoscale oceanic circulation, which were studied in detail by Sandwell and Zhang [1989] using Geosat exact repeat mission data, and by Kuragano and Kamachi [2000] using TOPEX/ POSEIDON altimeter data. Superposed on this long-wavelength signal is a much shorter-scale variability that is the focus of interest for this work. This short-scale component of variability is extracted by high-pass filtering, using a cosinesquared filter (also known as a Hanning window [Harris, 1978] ) of X f = 50 km full width (red line in Figure 2a ). The high-pass-filtered profile, D T hp , is defined by
In this formulation,
where Dx represents the average data interval, and the normalization factor A is given by
Visually, the 50-km filter length does a credible job of separating the long-and short-wavelength components of the profile. Prior to filtering, data gaps are identified and locations given a ''no data'' tag value of À999 to identify a point that is to be skipped in the filtering algorithm. In this example, three such gaps were found, and can be identified on Figure 2a as the large negative spikes in the high-pass-filtered profile.
[14] A plot of the distance between differenced points for this example is shown in Figure 2b . The nearest neighbor tracks in this example are proximal: generally less than 0.5 km apart over the section plotted. The distance between differenced points is not a constant, but rather exhibits considerable variability. A scalloping structure is evident, with wavelengths of $75-150 m, and amplitudes of $150-300 m. This behavior is a consequence of the fact that the nearest-neighbor tracks are not perfectly parallel with each other. For the most part, the sequencing of points on the reference track (T) and the closest points on the nearest neighbor track (T n ) will proceed in parallel. That is, if T(i) is closest to T n (j), then T(i + 1) will be closest to T n (j + 1) and so on. However, the distance between T(i + k) and T n (j + k) will eventually begin to increase and, at some k, T(i + k) will be closer to T n (j + k ± 1) than T n ( j + k). At this point, the distances between differenced points will begin to decrease again and a new ''scallop'' will form in the distance function.
[15] Artifacts may arise out of the scallop effect where there is a gradient to the geoid: variations in distance will translate into variations in amplitude of the difference function. In particular, the scalloping effect will add a sawtooth structure to the profile, the step occurring where there is a skip in the sequencing of point between the tracks. Typical geoid gradients will be $30 mm/km [Sandwell and Zhang, 1989] , and the average Geosat point spacing is $0.66 km. Hence, it is expected that the ''sawtooth'' addition to the difference function associated with the scalloping of the distance between points could have an amplitude of $20 mm peak to peak. To quantitatively estimate the contribution of such an artifact in the analysis, such a structure was synthesized with 100 km wavelength and high-pass filtered using the same 50 km cos 2 filter (equation (2)) employed in Figure 2a . The variance of the resulting profile, which is a series of decaying dipoles, was $10 mm 2 . As will be demonstrated in section 3, this value is, at minimum, 1.5 orders of magnitude less than the estimates of noise variance obtained in the analysis. The scalloping effect is therefore not significant.
[16] Numerous positive spikes are evident in the plot of distance between differenced points (Figure 2b ). These occur where the is a data gap in T 2 . As with the scalloping effect, such a shift in nearest-neighbor distance can result in artifacts where a geoid gradient is present. Following similar reasoning as before, a one-point gap will result in a $20-mm spike, more if the gap is larger. In the example shown in Figure 2b , 43 spikes are observed over a span of 4545 points, or <1% of the data points. Assuming this spike rate is typical, the contribution of such spikes to the total variance will be $4 mm 2 , assuming one-point gaps only. Even accounting for some portion of larger gaps, this is the same order of magnitude as noted for the scalloping effect, and not significant in comparison with the measured variances that will be presented below.
[17] Three negative spikes are also present in Figure 2b . These are coincident with the negative spikes in high-pass-filtered profile plotted in Figure 2a , indicating gaps in T 1 that are filled in with a ''no data'' tag value of À999. For these added points, the record for the distance between differenced points is also given the tag value.
Autocovariance Analysis
[18] An autocovariance analysis is employed to statistically characterize the small-scale component of SSH noise on the differenced, high-passfiltered tracks. The function D T l hp (i) is defined as a subset l of D T hp (i) used for analysis. The autocovariance of D T l hp (i) is then defined as
where E[] is expected value. The autocovariance is estimated from actual samples viã
where N l is the number of data locations in
hp (i) is the ''no data'' tag value, 1 otherwise, and
is the number of available pairs of points in D T l hp (i) separated by lag index k.
[19] An example of an autocovariance estimate from a differenced and filtered SSH track is displayed in Figure 3 . The autocovariance was derived from a 1001-point section of the processed data displayed in Figure 2a , spanning 660 km. As with all such covariances examined, the functional form can be characterized as a superposition of two components: an uncorrelated component, represented by a spike at 0 lag, and a correlated component, represented by a more gradually decaying functionality that crosses into negative autocovariance values (i.e., semiperiodic) before decaying to near-zero values by $15-20 km lag. The loss of correlated structure by 20 km lag confirms that choice of a 50-km high-pass filter was large enough that it did not adversely filter the noise, and small enough that it adequately removed variability associated with mesoscale oceanographic circulation. [20] Three properties of the autocovariance were measured to characterize the observations: (1) the height of the 0-lag spike, H 0 2 , defined asC(0) À C(1), which provides a measure of the variance of the white noise process; (2) the autocovariance at the base the spike, H B 2 , defined asC(1), which provides a measure of the variance of the correlated component of the noise (although not the full variance, because it is not estimated at 0 lag); and (3) the lag (in km) at which the autocovariance crosses 0, L 0 , which provides a measure of the correlation length scale of the correlated component.
[21] In the following analysis, the estimated autocovariance function is computed globally over nonoverlapping, 330-km sections (501 points for Geosat) of the nearest neighbor differenced, 50-km high-pass-filtered SSH tracks. Sections that do not have a minimum of 100 valid data points are excluded from analysis. The parameters H 0 2 , H B 2 and L 0 are measured for each, and tabulated as a function of average latitude and longitude along the section. Results are averaged in 2°latitude by 4°longitude bins for plotting the global distribution. Initially results from ascending and descending tracks were binned separately, but the results were found to be nearly identical and thus, for simplicity of presentation, both are binned together.
[22] This autocovariance analysis is complimentary to an earlier study by Yale et al. [1995] , who performed cross-spectral analysis on SSH slopes (first derivative of SSH data) from exact repeat tracks for Geosat, ERS1 and TOPEX altimeter data. Important differences between that study and this exist. In particular, this study employs (1) analysis of SSH, rather than SSH slope data, which provides a more stable basis for examining statistical properties of an erratic process; (2) spatial, rather than spectral analysis techniques, which facilitates clear identification of uncorrelated and correlated components of the noise process; and (3) nearestneighbor track comparisons, rather than limiting to exact repeat tracks, which broadens coverage, although at the expense of potentially introducing unwanted static components of the data into the analysis.
Results

Uncorrelated Noise Variance
[23] Globally binned averages of the parameter H 0 2 , providing an estimate of the variance of the uncorrelated (white noise) component of the noise autocovariance, are shown in Figure 4 . These results are characterized by peak values between latitudes $40 and 60°in both the northern and southern oceans. No correlation with seafloor roughness features is observed (e.g., the mid-Atlantic Ridge), indicating that the measure of H 0 2 after nearestneighbor differencing is not significantly affected by the static component of the SSH field. Rather, the global pattern expressed by the H 0 2 results are readily recognized for their similarity to plots of significant wave heights (SWH (Figure 5) ), which are provided in the geophysical data records for the Geosat altimetry. The correlation between SWH and the uncorrelated noise rms, H 0 , is strongly linear, with correlation coefficient +0.79 ( Figure 6 ). This result indicates that the great majority of variability in the uncorrelated noise can be explained by sea surface roughness alone. This conclusion closely parallels that of Yale et al. [1995] , who were able to correlate ERS1 SSH slope variability at small scales with SWH [Yale et al., 1995, Figure 6 ]. Unlike the highly linear trend presented here (Figure 6 ), however, their trend deviates significantly from linearity, in particular exhibiting an increase in SSH slope roughness at the smallest SWH values. This discrepancy will be addressed in the Discussion. (Figure 7 ) correspond closely to satellitederived maps of winter sea ice extent [Remund and Long, 1999] (see also online maps from the National Snow and Ice Center at http://nsidc.org/ data/seaice_index).
Correlated Noise Variance
[26] 2. The EB, SPDB and NADB areas can be correlated to precipitation rates. To demonstrate this correlation, the average precipitation rates are plotted over the time span of the Geosat geodetic mission (Figure 8a ). This map was computed by averaging monthly precipitation rates downloaded from the Global Precipitation Climatology Project [Adler et al., 2003 ; http://www.ncdc.noaa.gov/oa/ wmo/wdcamet-ncdc.html]. Regions of high precipitation rate (>$4 mm/a) are outlined and overlaid those on the Geosat H B 2 values (Figure 8b ), providing a strong visual correlation with the EB, SPDB and NADB areas. This overlay also suggests possible, but less robust correspondence along diagonal bands in the South Atlantic and North Pacific Oceans. [27] 3. The overlay of precipitation rates in Figure 8b also demonstrates that the elevated H B 2 values in the NMLB and SMLB regions are not correlatable to rainfall. Rather, these features appear to correspond well to upper atmosphere features associated with subtropical jet streams [see Krishnamurti, 1971, Figure 1.3] . For example, the SMLB closely matches the zones of elevated eddy kinetic energy at 300 hPa computed by Berbery and Vera [1996] . The NMLB corresponds well with Chen and Yen's [1991] computation of stream function variance at 200 mbar for the summer of 1979.
Correlated Noise Correlation Length
[28] Globally binned averages of the parameter L 0 , providing a measure of the correlation length scale of the correlated component of the noise autocovariance, are shown in Figure 9 . The pattern of elevated L 0 values closely matches the pattern of elevated H B 2 values (Figure 7) . However, the relationship is not proportional, as the very high H B 2 values in the AB area do not exhibit correspondingly large values of L 0 . Rather, the Geosat L 0 values tend to reach a maximum of $3.5-4 km, with slightly larger values at the southernmost limits of coverage and near some shorelines and islands, particularly in Indonesia and the northern Caribbean.
Discussion
[29] The central result of the analysis presented here is that small-scale (<50 km) satellite altimetry SSH noise can be decomposed into correlated and uncorrelated components, and that each is responsive to different environmental variables. The uncorrelated component, whose variance is estimated by H 0 2 , is strongly correlated to significant wave heights (Figure 6 ), a result that is straightforward to explain as a relationship between sea surface roughness and the uncertainty in identifying the arrival time of the return echo. Corrections applied to the altimetry in preprocessing (i.e., sea state bias, tides, troposphere, ionosphere, orbit) do not have an effect on this uncertainty; each of these corrections are, at the scales considered here, smoothly varying functions that create shifts in the mean rather than the variance. A correlation between altimetry noise and SWH was previously determined by Yale et al. [1995] who, applying a spectral analysis of small-scale (<30 km) SSH slopes, found that a measure of variance over these scales generally increased with increasing SWH. However, their trend flattened and reversed at lower SWH values. Given the results presented here, this counterintuitive result can likely be explained by noting that Yale et al. [1995] computed a total variance, rather than separately identifying correlated and uncorrelated components; only the uncorrelated component of the total noise variance is correlated to SWH. The increase in overall variance at the smallest SWH values is likely associated with the equatorial regions, where the SWH values are at their lowest ( Figure 5 ) but the correlated component of the noise variance is high within the equatorial band (Figure 7 ).
[30] The correlated component of the noise, whose variance is slightly underestimated by H B 2 , and whose correlation length is estimated by L 0 , appears to be responsive to three different environmental parameters: sea ice, precipitation, and upper atmosphere variability associated with the subtropical jet. These are widely differing processes that will affect SSH estimations in different ways and over different spatial scales. If the correlated component of SSH noise were directly related to these processes, very different statistical properties would be expected. However, while it is observed that the sea ice-affected areas have much larger H B 2 values than those areas affected by precipitation or the subtropical jet, the L 0 values are very consistent among all types of affected areas. It is hypothesized that the correlation length of the correlated component of SSH noise is a function of the altimeter system, possibly related to the onboard ''a-b'' tracker [MacArthur et al., 1987; W. Smith, personal communication, 2008] . In particular we speculate that sea ice, rain clouds and jet stream effects provide significant perturbations to the altimeter return, which, because of the Kalman filter in the tracking algorithm, creates a ringing of a preferred wavelength in the measured return time. The technical aspects of this hypothesis are beyond the scope of this paper or the expertise of the author. If confirmed, however, it could form the basis for improvements in future design of onboard trackers.
[31] As noted in the Introduction, application of the noise characterization methodology developed here to ERS1 geodetic mission altimetry data is com- plicated by the fact that the ERS1 altimetry, which are noisier than Geosat, are preprocessed with a three-point filter to reduce noise. As with the Geosat altimetry, correlated and uncorrelated components of the noise can clearly be distinguished in ERS1 covariance analysis, and global plots of the variance for each are very similar to those presented for Geosat. However, the three-point filter on the ERS1 data blurs the results so that some part of the uncorrelated variance is observed in the measurement of the correlated variance, and vice versa. The Geosat data provide a much clearer picture in terms of the true relationship of correlated and uncorrelated components of the SSH noise to environmental factors.
Conclusions
[32] The noise process of satellite altimeter-based sea surface height measurements is defined here as the small-scale (<50 km), time-varying component of the data. A methodology is devised for isolating the SSH noise by first differencing nearest-neighbor altimeter tracks to minimize the static (i.e., geoid) component, and then high-pass filtering to minimize mesoscale and larger components. Covariance analysis reveals two components of the noise process, one of which is uncorrelated (white noise), and the other correlated and weakly periodic. The variance of the uncorrelated noise is strongly correlated to significant wave heights, and is interpreted as an uncertainty in picking the signal arrival time associated with the roughness of the sea surface. The variance of the correlated noise is not correlated to significant wave heights, but rather appears associated with at least three environmental factors: sea ice, precipitation rates, and the subtropical jet stream. This component of the noise may be fluctuations in the time-of-arrival record caused by the onboard tracking response to abrupt perturbations. These results will help to evaluate uncertainties in the global gravity field derived from altimetry data, and may lead to future improvements in altimetry data collection and postprocessing.
